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Abstract 
Background: Causal mediation analysis is often used to understand the impact of variables along the causal path‑
way of an occurrence relation. How well studies apply and report the elements of causal mediation analysis remains 
unknown.
Methods: We systematically reviewed epidemiological studies published in 2015 that employed causal media‑
tion analysis to estimate direct and indirect effects of observed associations between an exposure on an outcome. 
We identified potential epidemiological studies through conducting a citation search within Web of Science and 
a keyword search within PubMed. Two reviewers independently screened studies for eligibility. For eligible studies, 
one reviewer performed data extraction, and a senior epidemiologist confirmed the extracted information. Empirical 
application and methodological details of the technique were extracted and summarized.
Results: Thirteen studies were eligible for data extraction. While the majority of studies reported and identified the 
effects of measures, most studies lacked sufficient details on the extent to which identifiability assumptions were 
satisfied. Although most studies addressed issues of unmeasured confounders either from empirical approaches or 
sensitivity analyses, the majority did not examine the potential bias arising from the measurement error of the media‑
tor. Some studies allowed for exposure‑mediator interaction and only a few presented results from models both with 
and without interactions. Power calculations were scarce.
Conclusions: Reporting of causal mediation analysis is varied and suboptimal. Given that the application of causal 
mediation analysis will likely continue to increase, developing standards of reporting of causal mediation analysis in 
epidemiological research would be prudent.
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Background
Causal mediation analysis identifies potential pathways 
that could explain observed associations between an 
exposure and an outcome [1]. This approach also exam-
ines how a third intermediate variable, the mediator, is 
related to the observed exposure-outcome relationship. 
Causal mediation analysis has been used to study genetic 
factors in disease causation [2, 3], pathways associated 
with response to clinical treatments [4], and mechanisms 
impacting on public health interventions [5, 6]. There are 
two approaches for conducting causal mediation analysis. 
The first, primarily applied in the social sciences, involves 
the comparison between regression models with and 
without conditioning on the mediator [7]. The second 
approach uses the counterfactual framework [8, 9], which 
allows scientists to decompose the total effect into direct 
and indirect effects [8–13]. Using the counterfactual 
framework can help to address the potential bias arising 
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The field of causal mediation is relatively new and 
techniques emerge rapidly. With the rapid development 
of software packages [11–13, 17], the implementation 
and/or discussion of this methodology is increasing. In 
a preliminary search in PubMed, we identified 33 arti-
cles in 2013, 59 in 2014, and 61 in 2015. While these 
software packages allow for estimation in a number of 
settings, limitations on automated procedures for con-
ducting sensitivity analyses on unmeasured confounding 
or measurement errors remain. However, causal media-
tion analysis requires careful implementation of the 
approach and appropriate evaluations for assumptions 
to derive valid estimates and the extent to which these 
studies apply and report the elements of causal mediation 
analysis remains unknown. Therefore, understanding 
how these methods have been applied to address issues 
of bias, how studies have implemented the approach, and 
how estimates are interpreted may provide useful guid-
ance for future reporting.
The purpose of this review was to systematically review 
epidemiological studies in which causal mediation analy-
sis was used to estimate direct and indirect effects. In this 
review, we will extract information on the elements critical 
to be reported and summarize our findings on how epide-
miological studies have conducted and presented results 
from causal mediation analysis. We will also give recom-
mendations for scientists considering to conduct studies 
applying causal mediation in the medical literature.
Methods
Selection of articles
Our aim was to identify original empirical epidemiologi-
cal research published in 2015 that used causal media-
tion analysis. Two search strategies were used to achieve 
this goal. First, we retrieved all published studies citing 
one of the seminal papers [8, 10, 12, 13] on causal media-
tion analysis using the Web of Science database. One 
hundred and fifty-seven articles were identified with 
this approach. Second, we conducted a keyword search 
within PubMed through working with a research librar-
ian at the University of Massachusetts Medical School. 
We developed the following keyword search algorithm: 
causal mediation analysis OR (“causal” AND “mediation 
analysis” AND “Mediat*”). This search term returned 61 
unique records in PubMed dating from January 1, 2015 
to December 31, 2015. We excluded the following types 
of publications or studies: (i) methodological or simula-
tion studies without an empirical application; (ii) stud-
ies without examining the effects on health outcomes, 
that is, studies not including mortality, morbidity, and 
diagnostic markers, for both mental and physical health; 
(iii) animal studies or genetic studies; (iv) letters, meet-
ing abstracts, review articles, and editorials; (v) studies 
without formal discussion of causal framework or using 
traditional approach, cross-sectional design, and studies 
using multilevel models or structural equation models 
approach.
We used the guidelines from the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses [18]. 
After excluding duplicate records, titles and abstracts 
of the remaining articles were assigned to two review-
ers who independently evaluated each study to assess 
eligibility. Articles with titles and abstracts were then 
evaluated by two reviewers through full-text review. Any 
discrepancy in eligibility was discussed and resolved 
between reviewers. One reviewer (S-H L) performed 
data extraction, and two reviewers including a senior epi-
demiologist (SC and KLL) confirmed the extracted infor-
mation for all eligible studies.
Information abstraction
We considered several elements believed to be impor-
tant for transparent and complete reporting of causal 
mediation analyses. These included: (1) motivation for 
applying causal mediation analysis, (2) evaluation of 
identifiability assumptions of effects identified, (3) use 
of sensitivity analyses for unmeasured confounding and/
or measurement error of mediators, and (4) elements 
of implementing causal mediations analysis includ-
ing power calculations, inclusion of exposure-mediator 
interactions, and bias analysis for interactions. A brief 
description and rationale for each element chosen is pro-
vided in the following sections.
Rationale for causal mediation analysis
Explanations of cause-effect associations may be 
enhanced through additional analyses of mediation and 
interaction. Mediation and interaction phenomena are 
not mutually exclusive [1]. Several theoretical and practi-
cal considerations can also be the motivations to conduct 
empirical studies for these phenomena of causal effects. 
Empirically studying mediation can help to: (1) improve 
understanding; (2) confirm/refute theory; and (3) refine 
interventions [1]. In this review, we extracted informa-
tion about whether studies reported (i) the reason for 
applying causal mediation analysis; (ii) the effect esti-
mates calculated; and (iii) the motivation of the applica-
tion presented.
Identification of effects and identifiability assumptions
In a counterfactual framework, three measures are esti-
mated: (1) natural direct effect; (2) natural indirect 
effect; and (3) controlled direct effect [8, 9]. The natural 
direct effect expresses how much the outcome (Y) would 
change if the exposure (A) was set to A =  1 compared 
to A = 0 (if binary) intervening to set the mediator (M) 
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to what it would have been if exposure had been A = 0 
(defined by Y1M0 − Y0M0). The natural indirect effect 
comparing fixing the mediator to M1 versus M0 if the 
exposure is set to level A = 1 (defined by Y1M1 − Y1M0 ). 
The controlled direct effect expresses how much the 
outcome would change on average if the exposure were 
changed from A = 0 to A = 1 but the mediator were set 
to a fixed level in the population (defined by Y1M–Y0M).
For the mediation analysis to have a causal interpre-
tation, we assume that adjustment for the four types of 
confounding has been addressed. The four types of con-
founding are: (1) confounding of the exposure-outcome 
relationship; (2) confounding of the mediator-outcome 
relationship; (3) confounding of the exposure-mediator 
association; and (4) mediator-outcome confounders also 
affected by the exposure [19]. For controlled direct effect, 
assumptions (1) and (2) are required. For the identifica-
tion of natural direct and indirect effects, assumptions 
(3) and (4) are also needed [13]. However, for studies 
with randomized treatments, assumptions (1) and (3) are 
satisfied and control only needed to be made for (2) and 
(4). We extracted information about what identifiability 
assumptions were acknowledged in relation to identified 
effects of estimates.
Sensitivity analysis
In addition to unmeasured confounding common in 
observational studies [8, 9, 20], measurement error of 
the mediator could potentially affect the regression coef-
ficient from both the mediator and the outcome regres-
sions and thus result in biased estimates for direct and 
indirect effects [21–23]. Furthermore, interaction anal-
ysis could also be a part of research interests to under-
stand how and why the effect occurs in an observed 
phenomena. If control has not been made for two sets 
of confounding factors for each of the exposures, the 
results from interaction analysis will be biased [1]. In 
causal mediation analysis, sensitivity analysis can be used 
as a technique to evaluate the extent to which the direct 
and indirect effects are robust to assumption violations 
[24, 25]. We abstracted information on bias analysis to 
assess: (i) whether sensitivity analysis was conducted or 
empirically analyzed for identification assumptions; (ii) 
which identification assumption was a concern and what 
approach was used for sensitivity analysis; (iii) whether 
the rationale and approach to conduct sensitivity analysis 
for measurement errors of the mediators was included; 
and (iv) whether bias analysis for the interaction was 
included.
Power calculations
Studies may be powered to detect a main effect, but may 
not be sufficiently powered to detect an interaction of a 
certain magnitude. We hypothesized that many studies 
implementing causal mediation analyses may be under-
powered. We extracted information about power calcu-
lations for interaction from each study. However, further 
development and methodologic work regarding power 
calculations for direct and indirect effects is needed [1]. 
With this in mind, we extracted information regarding 
what authors reported on the issue of power calculations 
for causal mediation analysis without judgment regarding 
which formulas were appropriate.
Exposure‑mediator interactions
In the traditional approach for mediation analysis, no 
interaction between the effects of the exposure and the 
mediator on the outcome is assumed [8, 9]. Causal medi-
ation analysis, on the other hand, provides the decom-
position of the direct and indirect effects that are valid 
even in the presence of interaction between the exposure 
and the mediator on the outcome and when non-linear 
models are needed [8, 9]. This gives rise to the question 
of when to include or exclude interactions in conducting 
causal mediation analysis. The decision to include inter-
action terms is often driven by statistical findings which 
may be problematic if statistical power is lacking. As 
such, a recommended approach is to include exposure-
mediator interactions in the outcome model by default 
and only exclude the interaction terms if the magnitude 
of interactions is small and the estimates of direct and 
indirect effects are not altered much in the presence of 
the interaction terms [1]. Leaving the interaction terms 
in the outcome model is suggested to avoid drawing 
incorrect causal conclusions, to help allow for additional 
model flexibility, and to understand the dynamics of 
mediation [1]. Therefore, we extracted information about 
whether or not studies allowed for interactions in the 
outcome model.
Effects of estimates and results from exposure‑mediator 
interaction
In this review, we assessed whether studies reported both 
estimates from allowing for exposure-mediator interac-
tions in the outcome model in addition to the effect of 
estimates without interaction in the model. Moreover, 
we also extracted estimates from sensitivity analysis con-
ducted for direct/indirect effects and interactions. We 
also extracted information about explanations of discrep-
ancies when noted.
Results
Figure  1 shows the process of identifying eligible arti-
cles for the review. We retrieved 157 and 61 studies from 
citation search in Web of Science and keyword search in 
PubMed, respectively. After excluding duplicate studies 
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(n  =  22), studies not focusing on the effects of health-
related outcomes (n  =  57), review articles (n  =  6), 
methodological or simulation studies (n  =  46), letters, 
meeting abstracts and brief reports (n  =  10), animals 
studies (n = 2), studies not using causal mediation analy-
sis (n = 9), genetic studies (n = 9) or studies using mul-
tilevel models, structural equation models approach, and 
cross-sectional design (n = 27), and studies using tradi-
tional approach or without formal discussion of formal 
causal framework (n  =  17), we had 13 epidemiological 
studies that applied causal mediation analysis [26–38].
Summary of study design, primary exposure, outcomes
Two studies used randomized controlled trials; 8 were 
cohort studies; and 3 were case–control studies (Table 1). 
We found that studies were not clustered in one specific 
area (e.g. 3 studies evaluated risks from environmental 
exposures including environmental substances [31, 38] 
and changes in environments [28] and 3 studies evalu-
ated parental conditions before [34, 35] and during [33] 
pregnancy). Regarding outcomes of interest, 4 studies 
used the first occurrence of a pre-specified event [32, 
35–37]. Other studies also examined levels of biomark-
ers [27, 30, 31, 38], mortality [26, 29], or neonatal health 
outcomes [33, 34]. Nearly half of studies used biomark-
ers as the primary mediator [27, 31, 32, 35, 37, 38]. Other 
studies used a pre-specified medical event [26, 29, 30], 
health behaviors [34, 36], psychological symptoms [28], 
and another a neonatal health outcome [33]. All studies 
provided information on the confounders in the causal 
mediation analysis and the majority of studies provided a 
hypothesized directed acyclic graph (DAG).
Motivation for applying causal mediation analysis
The reason for applying causal mediation analysis among 
all studies was to evaluate mediation (Table 2). With the 
exception of one study, most studies reported and iden-
tified the measures of either direct/indirect effect or 
controlled direct effect. While the motivation for most 
studies was to improve understanding, one study used 
mediation analysis to confirm/refute theory, and one 
study did not report the motivation.
Fig. 1 Identification of epidemiological studies using causal mediation analysis in 2015
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Evaluation of identifiability assumptions and sensitivity 
analyses
Four studies did not report identification assumptions for 
measures of effects identified (Table 3). With the excep-
tion of two studies, the empirical approach or sensitivity 
analysis was used to address the issue of confounding. 
There were 9 studies addressing unmeasured confound-
ing for the mediator-outcome relationship. Five studies 
provided the empirical approach and four studies used 
sensitivity analysis to address the concern. For measure-
ment error or misclassification of mediators, 3 studies 
addressing this issue (Table 4). Two studies provided the 
rationale for doing sensitivity analysis for measurement 
error of mediators. Furthermore, they also noted that the 
bias may result from misclassification of the mediator 
and robustness of findings was also discussed.
Elements for implementation of causal mediation analysis
Most studies had a relatively large sample size (Table 5). 
Three studies had small size (n < 100) and this limitation 
was acknowledged. The majority of studies did not report 
whether the power or sample size calculation was calcu-
lated. For exposure-mediator interaction, most studies 
did not report or did not have the exposure-mediator 
interaction in the model. Among those six studies allow-
ing for exposure-mediator interaction in the model, none 
reported power or sample size calculation and bias analy-
sis for the interaction.
Table 2 Rationale and measures of effect estimated and reported for Causal Mediation Analysis
a Reason for applying causal mediation analysis: Mediation, Interaction, or Interference
b Motivation for each application of causal mediation analysis. For mediation (1) improve understanding; (2) confirm/refute theory; (3) intervention refinement. 
For interaction (1) help allocate resources better; (2) identifying groups in which treatments may be harmful or beneficial (qualitative or cross-over interactions); (3) 
understand mechanisms; (4) increase statistical power of main effect analysis, and (5) understand which mediator to intervene upon to eliminate most of the effect 
of primary exposure. For interference (1) quantify spillover effects for cost-effectiveness studies; (2) understand what proportion must be treated to attain population 
outcomes desired; (3) create knowledge for intervention development and refinement
c “Natural” was not specifically used in the article but appeared to have counterfactual framework and appropriate references
References Reasona Measures discussed or reported Motivation for applicationb
Randomized controlled trials
 D’Amelio et al. [27] Mediation Natural direct and natural indirect effects
Emphasized direct effect
Improve understanding to show that above and beyond 
how the treatment works through the mediator, there is 
an independent effect
 Freeman et al. [28] Mediation Direct and indirect effectsc
Proportion mediated by various factors
Improve understanding of mechanisms
Cohort studies
 Banack et al. [26] Mediation Similar to controlled direct effect (with caveat that no 
manipulation of obesity could actually occur)
Refute/confirm that selection bias drives the obesity para‑
dox in cardiovascular disease
 Jackson et al. [29] Mediation Natural direct and indirect effects
Proportion mediated by each medical event
Improve understanding of mechanisms
 Kositsawat et al. 
[30]
Mediation Not identified Not clear
 Louwies et al. [31] Mediation Direct and indirect effectc Improve understanding of mechanisms
 Lu et al. [32] Mediation Natural direct and natural indirect effect
Percent excess risk mediated
Natural indirect effect emphasized
Improve understanding of mechanisms
 Mendola et al. [33] Mediation Controlled direct effect Improve understanding
 Messerlian et al. 
[34]
Mediation Controlled direct effect Improve understanding
 Raghavan et al. [35] Mediation Direct and indirect effects but only indirect effects 
reportedc
Proportion of risk mediated through genetic and meta‑
bolic factors
Improve understanding of what mediators might be ripe 
for intervention
Case control studies
 Rao et al. [36] Mediation Controlled direct effect Improve understanding
 Song et al. [37] Mediation Effect not mediated
mediated effectc
Proportion mediated through various biomarkers
Improve understanding of mechanisms
 Xie et al. [38] Mediation Direct and indirect effectc
Proportion of effect mediated through testosterone
Improve understanding














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Page 17 of 21Liu et al. BMC Res Notes  (2016) 9:354 
Table 6 Estimates of Direct and Indirect Effects With and/or Without Mediator-outcome Interaction
References Without exposure‑mediator interaction 
(95 % confidence interval)
With exposure‑mediator interaction 
(95 % confidence interval)
Discrepancy found with and with‑
out exposure‑mediator interaction 
reason discussed
Banack et al. [26] Not reported Controlled direct effect with CVD
Risk ratio: 0.62 (0.49, 0.78)
Risk difference: −0.12 (−0.20, −0.04)
Controlled direct effect without CVD
Risk ratio: 1.30 (1.13, 1.49)
Risk difference: 0.03 (0.01, 0.05)
Total effect
Risk ratio: 1.24 (1.11, 1.39)
Risk difference: 0.03 (0.02, 0.05)
Not applicable
D’Amelio et al. [27] Effects of treatment on glucose level at 
12 months mediated by OC at 6 months:
Natural direct effect: −0.033 (−0.186, 0.121)
Natural indirect effect: −0.050 (−0.178, 
0.078)
Total effect: −0.082 (−0.174, 0.009)
Not reported Not applicable
Freeman et al. [28] Anxiety (Boot SE), P value
Direct effect: 0.21 (0.16), 0.19
Indirect effect: 0.18 (0.11), 0.09
Total effect: 0.39 (0.16), 0.01
Depression (Boot SE), P value
Direct effect: 0.24 (0.14), 0.09
Indirect effect: 0.15 (0.11), 0.18
Total effect: 0.39 (0.16), 0.01
BCSS—negative self (Boot SE), P value
Direct effect: 0.33 (0.18), 0.06
Indirect effect: 0.06 (0.08), 0.48
Total effect: 0.39 (0.16), 0.01
BCSS—positive self (Boot SE), P value
Direct effect: 0.40 (0.17), 0.02
Indirect effect: −0.01 (0.05), 0.92
Total effect: 0.39 (0.16), 0.01
BCSS—negative other (Boot SE), P value
Direct effect: 0.22 (0.16), 0.17
Indirect effect: 0.18 (0.11), 0.13
Total effect: 0.39 (0.16), 0.01
Not applicable Not applicable
Jackson et al. [29] Stroke
Direct effect: 1.13 (1.05,1.22)
Indirect effect: 1.005 (1.001,1.011)
Total effect: 1.14 (1.06,1.22)
Stroke
Direct effect: 1.13 (1.06,1.22)
Indirect effect: 1.005 (1.001,1.011)
Total effect: 1.14 (1.06,1.22)
No
Not applicable
Kositsawat et al. [30] Not reported Not applicable Not applicable
Louwies et al. [31] Systolic blood pressure
Direct effect: 2.93 (CIs not reported)
Indirect effect: −0.42 (−1.35 to 0.17)
Total effect: not reported
Diastolic blood pressure
Direct effect: 3.15 (CIs not reported)
Indirect effect: −0.59 (−1.44 to 0.07)
Total effect: not reported
Not applicable Not applicable
Lu et al. [32] Overweight (for
metabolic mediators)
Blood pressure
Natural direct effect: 1.16 (1.09–1.24)
Natural indirect effect: 1.06 (1.03–1.08)




Natural direct effect: 1.28 (1.15–1.43)
Natural indirect effect: 1.13 (1.07–1.19)




Natural direct effect: 1.16 (1.09–1.24)
Natural indirect effect: 1.05 (1.02–1.08)




Natural direct effect: 1.28 (1.15–1.42)
Natural indirect effect: 1.10 (1.03–1.17)
Total effect: 1.43 (1.25–1.62)
No
Not applicable
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Effects of estimates and derived results 
from exposure‑mediator interaction
Table 6 shows the estimates from causal mediation anal-
ysis with and without interaction in the model for the 
associations between the primary study exposure and 
outcome listed in Table 1. While the majority of the stud-
ies reported estimates from either with and or without 
interaction in the model, 3 studies did not report iden-
tified estimates of effects. Among 6 studies allowing 
for exposure-mediator interaction, 2 studies presented 
results from both with and without interaction in the 
model and no substantial discrepancies were found.
Discussion
Our review shows that reporting of research on meth-
ods using causal mediation analysis to better understand 
mechanisms of observed exposure-outcome relationship 
is varied and suboptimal in the field of epidemiology. 
After reviewing 13 epidemiological studies, we found 
that while the field of causal mediation analysis has made 
significant strides, majority of the studies lacked suffi-
cient details on whether the identifiability assumptions 
were satisfied in relation to identified effect estimates. 
Furthermore, despite most studies addressing the con-
cern for unmeasured confounders either from empirical 
approaches or sensitivity analyses, we found that over 
half of studies did not examine the potential bias arising 
from the validity of the mediator. In addition, the major-
ity of studies did not provide or comment information 
on the power calculation or issues of sample size. While 
some studies allowed for exposure-mediator interaction, 
only a few presented results from both with and without 
interaction in the model.
Although it was difficult to judge the adequacy of con-
trol for confounding in the reviewed studies without 
increased knowledge of the specific datasets and subject 
areas, we found that most studies did not provide enough 
information on whether either the empirical approach 
or sensitivity analysis was conducted for identification 
assumptions in relation to effect estimates identified. It 
has been emphasized that controlling for mediator-out-
come confounders is important when direct and indirect 
effects are examined [8, 9, 20]. When there is concern 
for uncontrolled confounding, sensitivity analyses have 
been recommended to quantify the extent to which the 
unmeasured confounding variable would have to be to 
BCSS brief core schema scales; CI confidence interval; CVD cardiovascular disease; HOMA-IR homeostatic model assessment for insulin resistance; OC osteocalcin; SE 
standard errors; SHBG sex hormone-binding globulin
a Despite allowing for interaction, only models assuming no interaction were adopted due to no significant interaction between any of the exposures and mediators 
was observed
Table 6 continued
References Without exposure‑mediator interaction 
(95 % confidence interval)
With exposure‑mediator interaction 
(95 % confidence interval)
Discrepancy found with and with‑
out exposure‑mediator interaction 
reason discussed
Mendola et al. [33] Not reported Peri‑ or intraventricular hemorrhage:
Controlled direct effect: 3.2 (1.4–7.7)
Total effect: 2.9 (2.4–3.4)
Not applicable
Messerlian et al. [34] Uterine: <35 weeks
Controlled direct effect: 2.43 (0.85, 6.93)
Total effect: 2.27 (1.32, 3.89)
Not applicable Not applicable
Raghavan et al. [35] Metabolic syndrome score:
Direct effect: not reported
Indirect effect: 1.20 (1.07, 1.33)
Total effect: not reported
Not applicable Not applicable
Rao et al. [36] Smoking: low vs. high
Controlled direct effect: 1.5 (1.4, 1.5)
Total effect: 1.6 (1.4, 1.9)
Not applicable Not applicable
Song et al. [37] HOMA‑IR:
Effect not mediated: 1.32 (0.95, 1.88)
Mediated effect: 1.22 (1.02, 1.49)
SHBG:
Effect not mediated: 1.97 (1.25, 3.10)
Mediated effect: 1.16 (1.03, 1.33)
E‑selectin:
Effect not mediated: 1.56 (1.10, 2.21)
Mediated effect: 1.12 (1.02, 1.23)
Systolic blood pressure:
Effect not mediated: 1.61 (1.25, 2.16)
Mediated effect: 1.03 (1.01, 1.07)
Not reporteda Not applicable
Xie et al. [38] Not reported Not applicable Not applicable
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invalidate inferences about the direct and indirect effects 
[15, 24, 39]. Several approaches can be used to address 
unmeasured confounding [1]. For example, researchers 
can choose to report how large the effects of the con-
founder variable would need to be to completely explain 
the effects of estimates. To improve reporting of causal 
mediation analyses in epidemiological literature, we rec-
ommend the following. First, studies should be trans-
parent on whether the empirical approach or sensitivity 
analyses were used to evaluate identifiability assump-
tions. Second, studies must carefully consider the extent 
to which bias is present due to concerns regarding valid 
measurement of the mediator. Several approaches are 
available to address this issue [21, 22]. Third, if research-
ers are concerned about the presence of multiple bias in 
the study, we recommend that researchers prioritize the 
approaches depending on the context to strengthen their 
findings.
We found that the majority of studies did not report 
whether the statistical power or sample size calculation 
was calculated or if the researchers believed that the 
sample size available was sufficient to estimate direct 
and indirect effects with sufficient precision. However, 
we recognize that approached for calculation power and 
sample size for direct and indirect effects is limited in the 
current literature, especially for the exposure-mediator 
interaction [1]. To understand what sample size is suffi-
cient for mediation analysis, it is currently recommended 
that researchers use previously published tables for ade-
quate power in single-mediator models [40]. In addition, 
we also recommend that studies should comment on 
whether lack of power or insufficient sample size was a 
likely non-causal explanation of findings especially for 
these with relatively small sample size.
It has been proven that under sequential ignorability 
and the additional no-interaction assumption, the esti-
mate based on the product of coefficients method can 
be interpreted as a valid estimate of the causal mediation 
effect as long as the linearity assumption holds [41, 42]. 
However, in many studies it is unrealistic to assume that 
the exposure and mediator do not interact in their effects 
on the outcome. Carrying out mediation analysis incor-
rectly assuming no interaction may result in invalid infer-
ences [13]. Despite the progress of statistical methods in 
mediation analysis under settings with a binary mediator 
or count outcomes for exposure-mediator interactions 
[13], we found that most studies did not report whether 
there was exposure-mediator interaction in the model.. 
Although more assumptions are required for the decom-
position of a total effect into direct and indirect effects 
even in models with interactions and non-linearity under 
the counterfactual framework, this decomposition of 
total effects allows investigators to assess whether most 
of the effect is mediated through a particular intermedi-
ate or the extent to which it is through other pathways. 
Therefore, we recommend that future studies include 
exposure-mediator interactions by default in the out-
come model as suggested [1]. We recommend that 
exposure-mediator interactions only be excluded if the 
magnitude of interactions is small and do not change the 
estimates of direct and indirect effects very much.
Our review is subject to some limitations. First, we 
included only epidemiological studies published in 2015 
and limited to those published in English. The findings 
may not be representative of all publications using causal 
mediation analysis. However, it is reasonable to give some 
time for the development and use of methods given that 
seminal articles for applications were mainly published in 
2012 or 2013 and we are interested in a “snapshot” of cur-
rent practices in reporting such complex methods from 
the most recent year. Second, the reporting practices of 
published studies may be influenced by journals’ require-
ments. Authors may be reporting their approach and 
findings given word limitations from journals and thus 
may have limited space to provide details needed for the 
method. Nevertheless, with methods that require careful 
implementation of the approach, such reporting is neces-
sary to evaluate the extent to which the method has been 
appropriately applied. Third, it is possible that we missed 
some relevant articles due to lack of standardized ter-
minology or exchangeable jargons to describe the study 
design of causal mediation analysis. However, we believe 
that including papers which cited the seminal papers 
reduced the likelihood of this happening. Despite the 
limitations, this is the first review to examine how epide-
miological studies have used causal mediation analysis, 
what appropriate procedures and analysis are needed to 
conduct such complex technique, and what elements are 
critical to report for the method, which is we believe is a 
strength of our review.
Conclusions
Although the application of causal mediation analysis is 
increasing in epidemiology, there is an opportunity for 
improving the quality and presentation of this methodol-
ogy. We found that there is varied and suboptimal report-
ing of this emerging approach in literature. We identified 
that the majority of studies addressing unmeasured con-
founding for the mediator-outcome relationship. We 
recommend that future studies should: (1) provide suf-
ficient details on whether either the empirical approach 
or sensitivity analysis was conducted for  identifiability 
assumptions in relation to effect estimates identified, (2) 
comment on the bias that may arise from the validity of 
mediator, (3) discuss whether lack of statistical power 
or insufficient sample size issue was likely a non-causal 
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explanation of findings, and (4) allow the inclusion of 
exposure-mediator interaction in the model and present 
results derived from models with and without interaction 
terms. We hope that the development of best practices in 
reporting complex methods in epidemiological research 
and the adoption of such reporting standards may help 
quality assessment and interpretation of studies using 
causal mediation analysis.
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